Most methods for fusion-based finger vein recognition were to fuse different features or matching scores from more than one trait to improve performance. To overcome the shortcomings of "the curse of dimensionality" and additional running time in feature extraction, in this paper, we propose a finger vein recognition technology based on matching score-level fusion of a single trait. To enhance the quality of finger vein image, the contrast-limited adaptive histogram equalization (CLAHE) method is utilized and it improves the local contrast of normalized image after ROI detection. Gabor features are then extracted from eight channels based on a bank of Gabor filters. Instead of using the features for the recognition directly, we analyze the contributions of Gabor feature from each channel and apply a weighted matching score-level fusion rule to get the final matching score, which will be used for the last recognition. Experimental results demonstrate the CLAHE method is effective to enhance the finger vein image quality and the proposed matching score-level fusion shows better recognition performance.
Ⅰ. Introduction
Personal identification using biometric features has been on a rapid development over the last two decades. Traditional biometric methods which utilize features such as the fingerprints, palmprint, iris, facial features, and hand shape to identify individuals provide effective approaches for many real applications. However, no biometric has been proved to be perfectly reliable, robust and secure. For example, palmprint and fingerprint are susceptible to forgery since they are exposed outside the human body. Face recognition may easily be affected by illumination and occlusion and iris recognition is also considered as unfriendly for its unpleasant data acquisition process [1] .
Recently, a new biometric technology based on human finger vein patterns has attracted the attentions of biometrics-based identification research community [2] . Compared with the traditional biometric features, finger vein recognition has the following advantages [3] : 1) immunity to forgery, since finger veins are hidden underneath the skin's surface as a part of internal physiological characteristics, 2) friendliness, whereas a near-infrared light (wavelengths between 700 and 1000 nanometers) is used for contactless, non-invasive imaging that ensures both convenience and cleanliness for the user, and 3) polymorphism, which has been proved that each finger from the same person has unique vein pattern [4] .
As the properties described above, personal authentication using finger vein images has received certain development over the last decade. [7] To further improve the performance of finger vein recognition system, some approaches use the fused features for identification. Lee et al.
proposed to extract binary patterns of finger images including multimodal feature of veins and finger geometries for recognition [8] . Yang et al.
proposed a novel finger-vein recognition method based on the feature level fusion of global and local feature [9] . Guan et al. proposed to fuse the features from wavelet moment and horizontal and vertical 2DPCA for the recognition [10] . These feature-level fusion methods commonly improve the matching accuracy, but they tend to increase the computational complexity of authentication systems.
In this paper, we proposed a finger vein recognition method using matching score-level fusion from a single set of simple features to lower the computational complexity while to slightly increase the matching accuracy. The flow chart of the proposed method is shown in Fig 1 based on a bank of Gabor filters are extracted to obtain the 8 matching scores. Finally, based on the weight-fused matching score, classification using nearest neighbor classifier with cosine distance measure is performed. The contribution of this paper is that a weighted sum rule is used for matching scores fusion from one trait.
Ⅱ. Image Preprocessing
Owing to some kinds of noise or strong reflection resulted from the skin's surface and shallow penetration of light under the skin, the original finger vein image contrast is small which makes it not distinct enough for identification [11] .
The typical filter-based image enhancement methods are adopted for poor quality finger vein images to improve their contrast . Wang et al. enhanced the region of interest of finger vein images using Genetic Programming (GP) algorithm [14] . Yang et al. solved the problem of finger-vein image degradation by removing the scattering in finger vein images [15] .
Image preprocessing in this section includes the following three processes: ROI detection, image denoising and image enhancement. The procedure of these three processes is demonstrated in Fig. 2 .
ROI Detection
As shown in Fig. 2(a) , since the background is not well handled, a finger contour (Fig. 2(b) ) is obtained with 'open' operation. Then, Hough transform is used to detect two finger edges in the contour image, which is unaffected by image noise. Two boundaries of these fingers are well displayed in Fig. 2(c) with white color. To decide an ROI, a region with fixed geometrical position and size is chosen to generate a normalized ROI (the white region in Fig. 2(c) ). 
Image Denoising
Wavelet transform based image denoising techniques have been proved to be effective with their compressibility of information signal and incompressibility of noise signal. An adaptive wavelet shrinkage (AWS) denoising method [16] is used in the image denoising process. It uses wavelet transform to extract information on sharp variation in multi-resolution images and applies shrinkage function which adapts image features. It has the merits of low complexity and good performance. Fig. 2 (e) shows a finger vein image after image denoising using the adaptive wavelet shrinkage.
Image Enhancement
Since finger vein images are not always with high quality due to the varying tissues and bones, It is therefore suitable for improving local contrast of an image and bringing out more in detail.
Moreover, CLAHE can prevent overamplification of noise that AHE can give rise to [17] . Fig. 2 (f) shows much clearer and more details than the original ROI ( Fig. 2(d) ).
Ⅲ. Gabor Feature Extraction
Gabor filter is very useful in pattern recognition applications such as iris recognition [18] , fingerprint recognition [19] and hand vein recognition [20] , which is powerful in capturing some specific texture characteristics in images. As even-symmetric Gabor filter is suitable for ridge detection for an image, a filter bank consisting of even-symmetric Gabor filters with one scale and 8 rotations is defined as follow:
where  and  denote an aspect ratio of the elliptical Gaussian envelope and a standard Suppose  is a normalized finger vein image, its corresponding filtered image
is generated by the following formula:
in which ⋆ is a convolution operation. Using a bank of Gabor filters, 8 filtered images are obtained, which are shown in Fig. 3(a) . To obtain discriminative local features, an average absolute deviation (AAD) in  ×  blocks of each filtered image is constructed
[2] [21] .
Thus, for a normalized finger vein image, a feature vector with  ×  ×  AAD values can be extracted from 768 blocks at one scale.
Ⅳ. Matching Score-level Fusion
Multiple biometrics is an effective way to improve a performance of recognition system, which includes different sources [22] , whereas these sources may come from (a) multiple biometrics traits, such as iris and palmprint [23] , finger vein, fingerprint and face [24] (and so on), or (b) multiple sensors, multiple instances, multiple Park et al. studied on a finger vein recognition by combining global and local features based on SVM [25] . However, although the fused feature vector has richer source of information, features from these modalities may not be compatible. 
where            . Hence, the higher recognition rate of   from one direction, the larger weight will be endowed to this direction.
Meanwhile, this direction contributes more to the last recognition and verification.
Ⅴ. Experimental results

Finger Vein Database
The database used in this paper is from the Group of Machine Learning and Applications, Shandong University [11] . The database named SDUMLA-HMT is the Homologous Multi-modal Traits Database which includes real multimodal data from individuals.
To best of their knowledge, the finger vein database in SDUMLA-HMT is the first open finger vein database [26] . The device used to capture finger vein images is designed by Joint
Lab for Intelligent Computing and Intelligent Systems of Wuhan University. In the capturing process, each person was asked to provide images for his/her index finger, middle finger and ring finger of both hands, and a collection for each of the 6 fingers is repeated for 6 times to obtain 36 finger vein images. Therefore, the finger vein database is composed of 3,816 images  ×  in pixels. The geometrical size of ROI is  × . In our experiments, each finger is considered as one subject.
Experimental Results
Our experimental results includes image enhancement, identification and verification which are presented below. 
Image Enhancement
Identification Experiments
In these experiments, 3804 images from 634 fingers are used for recognition. We select three finger vein images from one individual as a training set and the rest as a test set. To verify the contribution from eight directions, recognition rates of AAD feature from eight directions are gained by nearest neighbor classifier with similarity measure of cosine distance. The cosine similarity (CS) between two vectors  and  is defined as [27] :
The cosine similarity between the feature vector from training set and test set can be computed as follow: by using one feature from the eighth direction is the best while a recognition rate using one feature from the fifth direction is the worst in all 8 channels. This means that the matching score from the eighth direction has the largest weight while the score from the fifth direction have the least weight. For matching scores from 8 channels, sum rule, max rule and min rule are often used to determine the final score. Following up our discussion, to emphasize the feature from different channels with different recognition contributions, a weighted sum rule is utilized for all the experiments in this paper. The weighted sum rule to obtain the last matching score is demonstrated as follow: Table 1 suggests the results generated by our fusion rule and other ordinary rules. As shown in the table, we can see that our method can obtain better performance on recognition rate than those using other common rules.
Meanwhile, [28] 96.48% Moment Invariant [29] 91.11% Feature-level Fusion [9] 95.11% Proposed method 98.79% Table 3 shows the EER using our method is smaller than those using other feature extraction methods, which demonstrates the proposed technology has better performance.
Methods
Equal Error Rate (%) PCA [28] 5.84% Moment Invariant [29] 9.15% Feature-level Fusion [9] 5.38% Proposed method 2.84% 
